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Abstract: Assessment of actual evapotranspiration (ET) is essential as it controls the exchange of
water and heat energy between the atmosphere and land surface. ET also influences the available
water resources and assists in the crop water assessment in agricultural areas. This study involves the
assessment of spatial distribution of seasonal and annual ET using Surface Energy Balance Algorithm
for Land (SEBAL) and provides an estimation of future changes in ET due to land use and climate
change for a portion of the Narmada river basin in Central India. Climate change effects on future
ET are assessed using the ACCESS1-0 model of CMIP5. A Markov Chain model estimated future
land use based on the probability of changes in the past. The ET analysis is carried out for the years
2009–2011. The results indicate variation in the seasonal ET with the changed land use. High ET is
observed over forest areas and crop lands, but ET decreases over crop lands after harvest. The overall
annual ET is high over water bodies and forest areas. ET is high in the premonsoon season over the
water bodies and decreases in the winter. Future ET in the 2020s, 2030s, 2040s, and 2050s is shown
with respect to land use and climate changes that project a gradual decrease due to the constant
removal of the forest areas. The lowest ET is projected in 2050. Individual impact of land use change
projects decreases in ET from 1990 to 2050, while climate change effect projects increases in ET in the
future due to rises in temperature. However, the combined impacts of land use and climate changes
indicate a decrease in ET in the future.
Keywords: actual ET; SEBAL; land use change; Markov Chain model; climate change; CMIP5;
Central India
1. Introduction
The estimation of actual evapotranspiration (ET) and its spatial distribution over a large area
are considered an extremely important variable in the efficient management of water resources and
agriculture. In addition, ET is considered one of the major components of the hydrological cycle,
apart from the rainfall and runoff. It is affected at the interface of vegetation, soil, and atmosphere
by atmospheric, soil, and biophysical processes [1]. A global shortage of water resources affects
agricultural productivity [2]. According to Gowda et al. [3], reliable estimation of ET is required to
improve the water use efficiency. Both climate and land use are key components in ET and water
use efficiency. Climate change is causing a global rise in mean temperature, which is projected to
increase 0.8–2.6 ◦C on average by 2050 [4]. A rise in temperature will cause an increase in ET, further
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impacting already limited water resources. Land use is also expected to change by 2050. ET plays
an important role in the atmospheric processes since it controls the water supply from the ocean and
earth’s surface to the atmosphere. It also influences the spatial distribution and magnitude of global
temperature and pressure [5], and the incidence of heat waves [6]. The actual ET is the water quantity,
which is transferred to the atmosphere as water vapor from an evaporating surface under actual
conditions (vegetation type, climate, physiological mechanisms, water availability) [7,8]. Climate
change is an important factor that influences the watershed hydrology and water availability of plants
by different patterns of ET and rainfall [9,10]. ET determines climate drought in arid and semi-arid
areas, and changes in meteorological variables due to climate affect crop water requirements [11,12].
Precise measurement of actual ET is possible using instruments such as lysimeters [13] and eddy
covariance measurements [14]. However, these methods are not always easy to implement and are
expensive [13], and do not give an estimation over large areas like satellite data. ET is an important
part of the hydrological and climate cycles, with substantial ecological, agricultural, and hydrological
implications [7,15]. The ET computation by remote sensing is mostly based on the energy balance from
satellite sensors [16–18]. Many studies have used an energy balance methodology for computing the net
radiation, sensible heat flux, and soil heat flux, which can be used to estimate actual ET [19,20]. Since the
energy balance and the crop water stress are directly related to the water use in agriculture, the differences
in actual ET in space and time are generally considered to be a major indicator for deciding the reliability
and adequacy of the irrigation and equitable water use. ET obtained from remote sensing relates the water
balance to the surface energy balance and the landscape heterogeneity. There has been recent progress
in the availability of fine to medium resolution images that have increased the prospective application.
The Moderate-Resolution Imaging Spectroradiometer (MODIS) of medium resolution vegetation products,
can derive physical parameters at the basin scale for surface energy balance models [21–24]. MODIS has
been used in different studies to estimate ET from surface energy balance [25–27]. The Surface Energy
Balance Algorithm for Land (SEBAL; [28,29]) is a validated and widely-used, remote-sensing-based
model for estimating ET [13,24,30–33]. This model can be implemented by using the thermal band of
satellite sensors and various weather parameters such as solar radiation, air temperature, wind speed,
and humidity [33]. In the SEBAL method, the requirement of minimum information or a small quantity
of ground-based inputs for the computation of actual ET at each pixel and its ability to estimate over
large areas [34] is a major advantage where ground measurements are not available. SEBAL considers
a linear relationship between land surface temperature (LST) and near-surface vertical temperature
gradient which is decided by extreme cold and extreme hot pixels [6,19].
Various studies focused on ET validation from the SEBAL model in different parts of the world like
in India, Spain, Italy, Sri Lanka, China, Pakistan, and Iran [13,29,35]. Satisfactory results are observed
in the works of Ahmad et al. [36] in the Krishna river basin of India, Sun et al. [30] and Du et al. [31] in
northeast China, and Bashir et al. [34] in Sudan. In India, the performance of SEBAL-based ET was tested
against the lysimeter ET on an agricultural farm located in a humid region and shows good accuracy of
the model-generated ET [37]. In the subtropical to semi-arid region of Gujrat [38] and the semi-dry-humid
region of Dehradun [39], SEBAL-based ET was used to estimate the crop water requirement to assess
the performance of the canal irrigation system. In another study, the Simplified Surface Energy Balance
(SSEB) was used in the IndoGangetic Basin for mapping rice water consumption, yield, and water
productivity [40]. Monthly actual ET is measured in Saudi Arabia using SEBAL and is applied on the
irrigated croplands [41]. The SEBAL model has been applied mainly in agricultural areas [17,35,41–47],
including to study flood mitigation in irrigation development or to investigate water availability and
use [48,49]. Studies with SEBAL also concentrate on a specific land use type in some cases [50]. Some recent
studies involve comparisons of various energy balance methods such as SEBAL, SEBS (Surface Energy
Balance System), SSEB (Simplified Surface Energy Balance) and METRIC (Mapping Evapotranspiration
at high Resolution with Internalized Calibration) [51–53]. Other perspectives of the studies involve the
impact of the resolution of satellite images, variation in the scale or investigation, and coupling of different
methodologies and their accuracy in estimating actual ET [41,54–58]. All the previous and recent literature
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discussed above shows various types of applications and methodologies to estimate actual ET with or
without SEBAL in different parts of the world. However, estimation of the effects of land use and
climate changes on future actual evapotranspiration has never been assessed before.
The main objective of the present research is to estimate and assess the spatial distribution of
ET over the basin study area for three consecutive years (2009–2011) on a seasonal and annual basis
and to assess the impact of present and future land use changes and future climate changes on actual
ET. This work includes subobjectives of: (1) estimation of ET using SEBAL and assessing the spatial
distribution over the study area on an annual and seasonal basis; (2) assessment of land use change
effects on future ET; (3) assessment of climate change effects on future ET; and (4) combined effects of
climate and land use changes on ET.
2. Study Area
The study area is a part of the Narmada river basin in Madhya Pradesh of Central India and
the area extends from 21◦47′24” to 23◦26′06”N latitude and 77◦34′44” to 78◦42′21”E longitude. The
total basin area is 12,290 km2 between gauge stations of Hoshangabad and Sandia. Monsoon season
is considered a unique feature of this area and of India and is the highest source of rain water (80%).
Premonsoon or summer season is from March to May; monsoon season extends from June to September;
postmonsoon season is in October and November; and winter extends from December to February. The
annual average rainfall varies from 900 to 1150 mm, and annual minimum and maximum temperatures
vary from 19.5 to 32.5 ◦C, as noticed in 41 years of data (1971–2011). Clay and clay loam soils cover
more than 50% of the study area. Other types of soils observed in the area are sandy clay loam, sandy
loam, and sandy clay. The elevation is highest in the southwest and south, and medium to low in the
north. Plain lands with low elevation are found mostly in the north central part, and the elevation of
the entire area ranges from 232 to 1312 m (Figure 1).
Figure 1. Location, elevation, and drainage network of the study area.
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3. Data and Methodology
The details of the data used in this paper are listed in Table 1. The study area has three observed
weather station data from the India Meteorological Department (IMD), which were used in the study.
These stations are Hoshangabad, Raisen, and Betul.
Table 1. Data used for the study.
Data Input Source
Temperature (◦C)
Indian Meteorological Department (IMD)Relative Humidity (%)
Wind speed (m/s)
Incoming solar radiation (W/m2)
Satellite Data Input (MODIS) USGS
Temperature (◦C) (Climate change analysis) CORDEX
The methodology followed in the estimation of ET and impact in the future due to climate and
land use changes are described below:
(i) ET was generated using SEBAL with 3 years (2009–2011) of MODIS data, and an average of
three years of data was considered to reduce the uncertainty in actual ET estimation. Cloud-free
images of 8-day composite were used to give the seasonal (premonsoon, monsoon, postmonsoon,
and winter) and annual ET of three years.
(ii) Land use classification into 10 classes was done using Maximum Likelihood Classification
techniques with three images from 1990, 2000, and 2011. The land use change prediction of
2020, 2030, 2040, and 2050 was done with the Markov Chain model using data from 1990, 2000,
and 2011.
(iii) To estimate climate change, RCP data from two scenarios (4.5 and 8.5) were used. Change in the
minimum and maximum temperatures in the past and future was estimated by taking an average
of 10 years of data. Climate change assessment of different decades spans the 1990s (average of
1986–1995), 2000s (1996–2005), 2011s (2006–2015), 2020s (2016–2025), 2030s (2026–2035), 2040s
(2036–2045), and 2050s (2046–2055).
(iv) The mean ET for 10 different land use classes was estimated from the 3 years’ mean ET of different
seasons (2009–2011). The mean ET thus obtained was taken as a constant for different land use
classes. The impact of land use change on ET was done by taking mean ET of 10 land use classes
as constants on the basis of 2011 land use, and estimating ET of the past (1990, 2000) and future
(2020, 2030, 2040, and 2050) with respect to changed land use by areal average method.
(v) The impact of climate change on ET in all the years was estimated by changing the minimum
and maximum temperature of the corresponding years (1990s, 2000s, 2020s, 2030s, 2040s, and
2050s) in the SEBAL model. All other parameters were kept constant (of the years 2009–2011).
ET changes due to the effect of climate change for each decade were obtained by averaging ET of
three years (2009–2011).
(vi) (The mean ET of 10 land use classes of each decade (of climate years) was estimated on the basis
of 2011 land use. Estimation of the combined impact of land use and climate change on future
ET was done by using these mean ET (1990s, 2000s, 2011s, 2020s, 2030s, 2040s, 2050s) with the
corresponding land use areas (1990, 2000, 2011, 2020, 2030, 2040, 2050) by areal average method
(Figure 2A).
Details of the models used in the study are described in the following paragraphs.
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Figure 2. (A) Process of future land use and climate change on future actual ET; (B) Principle of the
SEBAL model.
3.1. SEBAL Model (Actual ET)
Also, to estimate actual ET, Level 3 LST and surface reflectance data of MODIS of 2009–2011 were
utilized, which were retrieved from the Terra satellite and were being distributed by the United States
Geological Survey (USGS). The MOD11A2 [50] data product of MODIS (8-day composite) was used for
LST and emissivity, which has 1 km of resolution. Surface albedo was used from the product MCD43B3
which was retrieved by the MODIS sensors from the Terra satellites [11] with 16-day temporal and
1-km spatial resolution. Surface reflectance was obtained from the MODIS product of MOD09Q1 [9],
which is an 8-day composite product and has the spatial resolution of 250 m. The NDVI was calculated
from the surface reflectance, which is a MODIS product.
In SEBAL, the ratio of soil heat flux (G) and net radiation flux (Rn) i.e., G/Rn was calculated
by Bastiaanssen [42]. Net radiation (Rn) was calculated using shortwave radiation, surface albedo,
longwave radiation, and thermal emissivity. Soil heat flux (G) was calculated using net radiation,
surface temperature, surface albedo, and NDVI. Sensible heat flux (H) was calculated from the surface
roughness, surface temperature, and wind speed. The visible, near infrared, and thermal bands were
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used in the SEBAL model as inputs to generate the LST, albedo, and vegetation index which are further
used to obtain net radiation, soil heat flux, latent heat flux, and sensible heat flux [28,29]. Finally, actual
ET was generated using the evaporative fraction. The surface energy budget equation is [28],
ET = Rn−G−H (1)
where ET represents the latent heat flux (W/m2) linked with water evaporation from soil and
vegetation, Rn gives the net radiation flux at the surface (W/m2), G is the soil heat flux (W/m2),
and H stands for the sensible heat flux for the cooling and warming of air (W/m2). The methodology
followed in estimating SEBAL ET is illustrated in Figure 2B.
Computation of other parameters such as the Rn [28], incoming shortwave radiation (RS↓, [59]),
α or surface albedo, incoming longwave radiation (RL↓) and outgoing longwave radiation (RL↑, [60]),
normalized difference vegetation index (NDVI) and leaf area index (LAI) [61], G, H, latent heat flux
(λET), instantaneous ET (ETinst), and reference ET fraction (ETrF, [42]) were done. Finally, the daily
actual ET (ET24) and seasonal actual evapotranspiration (ETseasonal) were calculated [62]. The SEBAL
algorithm uses two pixels of cold or wet and hot or dry. For e.g., a cold pixel is selected from a
well-irrigated land with maximum ET, and a dry pixel from a dry or bare agricultural land where ET is
considered as 0 [51]. In this study, the cold pixel was selected from a crop area or an agricultural land
and the hot pixel was selected from an open bare land.
3.2. Land Use Classification and Future Projection
The land use classification was done, and prediction was carried out using the Markov
Chain model [63–67], where a 2011 classified image was validated with the 2011 predicted image.
The Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation
Model (ASTER GDEM) [68] was used to obtain elevation information of the study area. The Landsat
images of 1990, 2000 (USGS), and 2011 (Linear Imaging Self Scanning Sensor or LISS-III, Indian Remote
Sensing Satellite) were used for classification and prediction. 1990, 2000, and 2011 images were
projected in the Universal Transverse Mercator projection zone 44 and WGS 84 datum. Radiometric
and geometric corrections were done with the Root Mean Square Error (RMSE) of 0.5 pixels in the first
order polynomial in geometric correction. The Maximum Likelihood Classification (MLC) [61,62,69,70]
was used for classification and the accuracy assessment was done. The Markov Chain model [71] was
used in the classified 1990, 2000, and 2011 images to predict future land use of 2020, 2030, 2040, and
2050. Model calibration and validation were conducted using classified 2011 and model-generated
2011 images. The area matrix was used to analyze the changes. The future maps of 2020 to 2050 with
changed land use were used to show changes in the future ET. Field surveys were conducted during
the summer and winter seasons of 2011 to obtain the location of different land classes for accuracy
assessment by GPS.
The Markov Chain model was used for projecting future land use change. The model develops
transition matrix and conditional probability images by investigating the land use classes of diverse
times and dates. The matrix shows the pixels, which were projected to change from one class to another
over a unit of time. It also indicates the probability of change of one class to another class. The land
use change is the stochastic process in the Markov Chain model, and various classes exist in a state
of a chain. A chain is a stochastic process at time t, where Xt is based on the value at t-1, Xt-1 time.
It is not based on such values as Xt-2, Xt-3, . . . , X0, so that the process passed the course in arriving at
Xt-1 [71].
3.3. Climate Change Prediction
To estimate the influence of climate change on future ET, maximum and minimum temperature
data were obtained from the ACCESS1-0 model of Coupled Model Intercomparison Project Phase 5
(CMIP5) for two (RCP4.5 and RCP8.5) future scenarios [63,72]. Data were obtained from Coordinated
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Regional Climate Downscaling Experiment (CORDEX) South Asia models. These data for the South
Asia region are distributed by publishing on the CCCR-IITM Climate Data Portal (http://cccr.tropmet.
res.in/home/ftp_data.jsp). Daily climate data required for the models were obtained from the India
Meteorological Department (IMD).
4. Results
4.1. Seasonal and Annual Land Surface Temperature (LST) and Normalized Difference Vegetation
Index (NDVI)
The seasonal LST and NDVI of three years are presented in Figures 3 and 4. In the premonsoon
season (March–May), LST is high throughout the study area, varying from 20 to about 53 ◦C in
different years. Low temperature corresponds to the forests. Moderate to high LST is observed
over the agricultural area and fallow lands in the north central part. The end of premonsoon or
summer season is marked by crop harvest, which results in high LST over agricultural fallow lands.
The monsoon (June–September) season is represented by September only due to lack of cloud-free
data from June to August. This is the season of maximum rainfall and the LST varies from about 25
to 42 ◦C. Forest area in the south and north experiences low temperatures, while agricultural fallow
lands show high temperatures during crop harvest before September. However, the LST is lower than
the premonsoon season. The LST of postmonsoon (October–November) season varies from 23.44 to
37.72 ◦C. High LST is observed over the fallow agricultural lands, and low LST is observed over the
forest and vegetation. The winter season (December–February) marks the crop-growing Rabi (local
name for winter crop) season. Therefore, low LST is observed over the agricultural and forest areas in
the central part of the study area, and high LST is observed over plain lands and less vegetated areas.
Winter LST varies from 20.51 to 33.56 ◦C.
The NDVI of the premonsoon season varies from −0.17 to 0.61 in different years. High NDVI
is observed over the forest and vegetated areas in the south central part. Medium to low NDVI is
observed over the agricultural land where most crops are harvested. Low LST is observed over plain
and less vegetated areas in the north. The areas of low NDVI also correspond to the areas of high
LST. Most of the northern part of the basin show low NDVI, which is mainly agricultural lands and
settlements. The NDVI of monsoon season varies from −0.13 to 0.91. The highest NDVI is observed
over the forest and vegetated areas while low NDVI is observed over agricultural fallow. The monsoon
season leads to the growth of vegetation that has resulted in higher NDVI during September. The NDVI
of the postmonsoon season varies from −0.12 to 0.85. The results found high NDVI over forest and
vegetation and lowest NDVI over agricultural lands, which are empty of any crop cover during this
season. The winter NDVI varies from −0.99 to 0.87 and high NDVI is observed over the agricultural
land as this is the season of crop cultivation. Forest areas reflect low NDVI during winter in comparison
to agricultural lands.
The vegetation index shows high values when LST is low. Other studies also have indicated such
an inverse linear relationship between the NDVI and LST [73–78]. Vegetated lands are cooler than
the areas which are not vegetated; therefore, crop areas show higher NDVI, and after crop removal,
NDVI decreases. Vegetation canopy with higher leaf area index (LAI) restrains direct surface heating
as higher LAI intercepts the incident solar radiation. It also alters the energy flux at the surface because
of ET and constant cooling of the surface [21,74].
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Figure 3. Seasonal land surface temperature (LST) for 2009, 2010, and 2011.
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Figure 4. Seasonal normalized difference vegetation index (NDVI) for 2009, 2010, and 2011.
4.2. Seasonal and Annual Actual ET of 2009–2011
The annual and seasonal actual ET (2009–2011) of premonsoon, monsoon, postmonsoon, and
winter is given in Figure 5. The seasonal maps show the spatial variation of actual ET annually and for
different seasons. In the premonsoon season, ET varies from 154.58 to 646.48 mm. Forest and vegetation
in the south and central parts show high ET. The northern part of the basin shows low ET since these
are the summer months and crops are harvested from the agricultural fields. The monsoon season
is represented by September in this study when crops are already harvested. Therefore, agricultural
lands show low ET. The overall ET in monsoon season varies from 49.36 to 489.65 mm. It is lower
than premonsoon season because of low surface temperature, rainfall, and overcast skies during this
period. Low ET is observed in the agricultural land after crop harvest, and high ET is observed over
the water bodies and forest areas. ET in postmonsoon season varies from 43.04 to 243.40 mm. Low
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ET is observed over the agricultural land in the north, which are fallow lands. High ET is found in
the forest areas. In the winter season, ET ranges from 71.79 to 290.15 mm, and this is a crop-growing
season of the year. In all the seasons, NDVI also varies with ET. The crop-growing season of the year
corresponds with the ET of different land use. The crop calendar of the study area is given in Table 2.
Figure 5. Seasonal and annual actual evapotranspiration (ET in mm) for 2009, 2010, and 2011.
Table 2. Sowing and harvesting season of crops.
Sl. No. Crops Month of Sowing Month of Harvesting
1 Wheat November–December February–March
2 Seasonal vegetables June–July September–Octorber
3 Seeds November February
4 Paddy June–July Octorber–November
The annual ET ranges from 318.78 to >1500 mm. The lowest temperature/highest ET corresponds
to forested areas and water bodies. Agricultural plain lands indicate moderate to low ET. Areas in the
extreme northeast show low ET, which are mostly fallow lands and stony surface areas. The surface
temperature in these areas is high with medium to low NDVI. The rocky surface areas, settlements,
and fallow lands exhibit higher LST but low NDVI and low ET.
4.3. Future Scenarios of Land Use Change
The impact of land use change on actual ET and seasonal variation is crucial for agricultural
management. The past, present, and future land use maps generated with classification technique and
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Markov Chain are given in Figures 6 and 7. Areas of different land use classes of 1990, 2000, 2011, 2020,
2030, 2040, and 2050 are given in Table 3.
Table 3. Area of the land use classes of 1990, 2000, and 2011; Area of the land use classes of future by
Markov Chain model.
1990 2000 2011











1 Settlement 217.47 1.77 309.39 2.52 386.10 3.14
2 Grassland 1458.37 11.87 1367.25 11.12 1339.76 10.90
3 Forest 3664.04 29.81 3180.16 25.88 2726.56 22.19
4 Scattered 1270.51 10.34 1132.79 9.22 988.14 8.04
5 Agriculture 4106.21 33.41 5010.22 40.77 5643.67 45.92
6 Lake/reservoir 242.15 1.97 245.31 2.00 263.28 2.14
7 River bank 48.68 0.40 30.62 0.25 29.41 0.24
8 Wasteland 1138.95 9.27 855.23 6.96 741.85 6.04
9 River 56.37 0.46 65.62 0.53 63.08 0.51
10 Rocky surface 87.25 0.71 93.40 0.76 108.16 0.88
Total 12,290 100 12,290 100 12,290 100
2020 2030 2040 2050















1 Settlement 484.01 3.94 577.42 4.70 647.47 5.27 710.23 5.78
2 Grassland 1276.43 10.39 1221.12 9.94 1171.96 9.54 1125.65 9.16
3 Forest 2310.91 18.80 1948.36 15.85 1663.23 13.53 1391.62 11.32
4 Scattered 870.26 7.08 728.93 5.93 610.94 4.97 508.01 4.13
5 Agriculture 6275.32 51.06 6848.04 55.72 7305.22 59.44 7755.25 63.10
6 Lake/reservoir 270.51 2.20 284.03 2.31 293.25 2.39 303.50 2.47
7 River bank 21.80 0.18 16.88 0.14 12.58 0.10 10.17 0.08
8 Wasteland 598.54 4.87 462.12 3.76 357.66 2.91 245.20 2.00
9 River 64.23 0.52 70.38 0.57 72.22 0.59 70.23 0.57
10 Rocky surface 117.98 0.96 132.73 1.08 154.85 1.26 170.14 1.38
Total 12,290 100 12,290 100 12,289 100 12,290 100
Figure 6. Land use maps of 1990, 2000, and 2011.
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Figure 7. Land use maps of 2020, 2030, 2040 and 2050.
The land use of the study area is classified into 10 major classes such as settlement, agriculture,
forest, scattered forest, grassland, river, lake/reservoir, river bank, wasteland, and rocky surface.
The 1990 classification shows that 1.77% of the total area is covered by settlements; the maximum area
of 33.41% is covered by agricultural land; forest areas cover 29.81%; scattered forest covers 10.34%;
grassland covers 11.87%; and wasteland covers 9.27% of the total area. River, lake/reservoir, river
bank, and rocky surface cover fewer areas. The agricultural land area is highest, followed by the
forest areas. The 2000 land use change shows an increase in the settlement area to 2.52%; agriculture
land also increased to 40.77%; grassland covers 11.12% of the area; forest areas decreased to 25.88%;
scattered vegetation reduced to 9.22%; grassland reduced to 11.12%; and wasteland area decreased
to 6.96%. Therefore, agricultural land and settlements have increased in 2000, while forest, scattered
forest, grassland, and wasteland areas have decreased. Hence, there is a transfer of the wasteland and
vegetated areas to settlement and agriculture. Change in the 2011 land use shows a further increase
in settlement to 3.14% of the area; an increase in agriculture to 45.92% of the area; a decrease in the
forest, scattered forest, and grassland areas to 22.19%, 8.04%, and 10.90%, respectively; wasteland areas
also decreased to 6.04%; and rocky surface increased to 0.88%. The overall Kappa statistics were 0.82,
0.81, and 0.82, and the overall accuracy was 85%, 84%, and 86% in 1990, 2000, and 2011, respectively.
The strength of the accuracy assessment was within the category of almost perfect as it ranges between
0.81 and 0.82 [79].
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Increased settlements of 3.94%, 4.70%, 5.27%, and 5.78% are projected in 2020, 2030, 2040, and
2050, respectively. Agriculture area is also estimated to increase to 51.06% in 2020, 55.72% in 2030,
59.44% in 2040, and 63.10% in 2050. The forest area is estimated to decrease at a greater extent to 18.80%
in 2020 and 11.32% in 2050; scattered forest areas are also predicted to reduce to 7.08% in 2020 and
4.13% in 2050; and grassland areas to 10.39% in 2020 and 9.16% in 2050. Fewer changes are expected in
the river, lake/reservoir, and river bank areas. The wasteland areas are predicted to reduce to 2% in
2050. The rocky surface area shows little change, with a projected increase in the future from 0.88% in
2011 to 1.38% in 2050. Agricultural land and settlements are indicating a continuous increase while
the rest of the land use classes are showing decreases at the expense of agriculture and settlement.
The land use change prediction by the Markov Chain Model depicts a further decrease in vegetation
cover with increasing settlements and agriculture, which may affect future ET.
Seasonal Mean ET for Different Land Use
The averages of seasonal ET for different land use of 2009, 2010, and 2011 are given in Table 4.
The highest ET is observed over the water bodies followed by forests, vegetation, and agriculture. Low
ET is observed over rocky surfaces followed by wasteland and settlements. Total ET is highest in the
water bodies in premonsoon season (647.07 mm) followed by forest (467.77 mm). The lowest is observed
over settlement and agricultural fallow in the postmonsoon season. Settlements have shown high ET
in the premonsoon or summer season and the lowest ET in the postmonsoon season. Forest areas
usually experience high ET throughout the year and the lowest ET in the winter season. Agricultural
lands show high mean ET during the premonsoon season and crop growing season in winter, and
the lowest is observed in the postmonsoon season. The crop growing season is primarily from
November–December to February–March (winter and early premonsoon or summer) and June–July to
September (monsoon). River bank areas show a moderate ET value, which is high in the premonsoon
season and low in the postmonsoon season. The river banks are generally bare lands and thus indicate
low ET. Wasteland areas also depict low ET, with the lowest in winter and the highest in the monsoon
season. Rocky surface experiences the lowest ET among all the land use classes, and it is the lowest
during the postmonsoon season.
Table 4. Average seasonal ET for different land use (2009–2011) generated from MODIS (mm).
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1 Premonsoon 294.71 300.02 467.77 331.86 282.39 647.07 346.33 228.52 189.11
2 Monsoon 183.20 257.42 429.03 389.59 159.62 497.96 183.41 315.17 175.88
3 Postmonsoon 78.18 116.05 220.31 199.62 80.52 263.27 99.68 161.70 89.47
4 Winter 191.10 169.00 201.05 159.05 191.70 293.10 150.85 116.40 111.60
4.4. Future Climate Change
The impact of climate change on ET and seasonal variation is applied in the present study.
The maximum and minimum temperature of CMIP5 data of RCP4.5 and RCP8.5 scenarios are
considered here to estimate the change in ET in the future for the decades of the 2020s, 2030s, 2040s,
and 2050s (Figures 8 and 9). The mean of 10 years of data is presented in these decades for three
stations, i.e., Betul, Hoshangabad, and Raisen. Increased maximum and minimum temperature are
projected in the future in all stations in the RCP4.5 and RCP8.5. The annual maximum temperature
of Betul in 2011 was 32.30 ◦C, which increases in 2050 to 33.58 ◦C in RCP4.5 and 35.01 ◦C in RCP8.5.
The annual minimum temperature is also projected to increase from 20.30 ◦C to 21.75 ◦C and 23.07 ◦C
in RCP4.5 and RCP8.5, respectively, in 2050. In Hoshangabad, the annual maximum temperature
of 33.32 ◦C in 2011 increases to 34.59 ◦C and 35.94 ◦C in RCP4.5 and RCP8.5 scenarios, respectively,
in 2050. The minimum temperature increases from 20.40 ◦C in 2011 to about 21.87 ◦C and 23.19 ◦C,
respectively, in 2050. In Raisen, the annual maximum temperature of 33.49 ◦C in 2011 increases to
34.64 ◦C in RCP4.5 and 35.99 ◦C in RCP8.5 in 2050. The annual minimum temperature increases
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from 20.59 ◦C to 21.97 ◦C in RCP4.5 and 23.32 ◦C in RCP8.5 in 2050. In all the stations during the
premonsoon or dry summer season, a considerably higher projection of maximum temperature is
indicated. The monsoon season projects a low rate of increase as this is a season of continuous rainfall
and overcast sky. The postmonsoon season and winter also indicate increased maximum temperature
in the future in both RCP4.5 and RCP8.5 scenarios. Minimum temperature shows a higher increase
rate of both premonsoon and monsoon temperature than in other seasons.
Figure 8. Maximum temperature of past and future (1990s to 2050s) using ACCESS1 of CMIP5 and
scenarios are A = RCP4.5 and B = RCP8.5.
Figure 9. Minimum temperature of past and future (1990s to 2050s) using ACCESS1 of CMIP5 and
scenarios are A = RCP4.5 and B = RCP8.5.
Remote Sens. 2018, 10, 578 15 of 22
4.5. Impact of Future Climate and Land Use Changes on ET
4.5.1. Future Change of Seasonal and Annual ET Due to Land Use Change
The actual ET in different seasons for past, present, and future is given in Figure 10. The results
show that the ET is decreasing in the future due to the land use change from 1990 to 2050. The 1990
ET is the highest, and 2050 projects the lowest ET in the future in all the seasons. This is due to the
removal of forest and vegetation cover and conversion of these lands to other classes (from 981.06 mm
in 1990 to 841.56 mm annually in 2050). According to the future land use prediction in 2050, forest and
vegetated lands are decreasing at a higher rate and are converted to agricultural land and settlements.
Therefore, ET will be decreasing in the future because of the changed land use. The premonsoon
season shows the highest ET in all the years in the past, present, and in the future with a decrease
of about 348.54 mm in 1990 annually to 316.53 mm in 2050. The monsoon season shows the highest
ET after the premonsoon season in all the years and in the future. Annual ET varies from 298.58 mm
in 1990 to 223.57 mm in 2050. The winter season shows a slight increase in annual ET in the future
varying from 183.16 mm in 1990 to 189.73 mm in 2050.
Figure 10. Land use change impact on ET.
4.5.2. Future Change of Seasonal and Annual ET Due to Climate Change
The change in the ET with climate change in different seasons from the 1990s to 2050s is given in
Figure 11. ET is increasing in the future due to the effects of climate change. In the 1990s in the RCP4.5
scenario, annual ET is 941.42 mm, projected to increase to 950.93 mm in the 2050s. In the RCP8.5
scenario, it increases to 976.72 mm in the 2050s. An increased ET is projected in the premonsoon,
monsoon, and winter seasons of RCP4.5 and in all the seasons of RCP8.5. The temperature is projected
to increase in the future, which results in an increased projected ET from the 1990s to 2050s. The ET
increase in the premonsoon season is highest in the RCP4.5 and both the premonsoon and monsoon
seasons in RCP8.5. In the premonsoon season, the increase is projected from 334.17 mm in the 1990s to
341.07 mm in RCP4.5 and 348.09 mm in RCP8.5 in the 2050s. In the monsoon season of RCP8.5, the ET
is projected to increase from 274.78 mm in the 1990s to 287.94 mm in the 2050s.
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Figure 11. Climate change impact on ET (a) RCP4.5; (b) RCP8.5.
4.5.3. Future Change of Seasonal and Annual ET Due to Climate and Land Use Changes
The combined effects of climate and land use changes on ET is illustrated in Figure 12. The results
show a decrease in the projected ET from 1990 to 2050 annually and in most of the seasons in both the
RCP4.5 and RCP8.5 scenarios. The land use change and climate change of RCP4.5 projects a decrease
in the annual ET from 1990 (997.63 mm) to 2050 (868.36 mm). The RCP8.5 scenario shows a decrease to
893.48 mm in 2050. All the premonsoon, monsoon, and postmonsoon seasons indicate a decrease in the
ET, except the winter season. A slight increase is observed in the winter season ET due to combined
land use and climate changes. However, as observed from the results, the effect of a change in land
use will have more influence on the changed ET in the future than the effect of climate change.
Figure 12. Climate and land use change impact on ET (a) RCP4.5; (b) RCP8.5.
5. Discussion and Conclusions
Evapotranspiration is one of the major factors in water balance and in various irrigation
management systems. Therefore, appropriate information on spatial ET of a basin area is of
utmost importance. Sufficient information on the spatial distribution of ET is not always available.
No observed data on actual ET is available for this area. In the present study, the SEBAL method is
applied to estimate the spatial actual ET for a basin area. The ET maps indicate high actual ET in the
forest and other vegetated areas followed by the agricultural land. Water bodies show very high ET in
all the images. Low ET is observed in agricultural fallow lands after the crop harvest. The premonsoon
or summer time shows higher ET than other seasons because of the higher surface temperature.
The winter season indicates higher ET because of crop-growing time during this season. A relationship
of ET with the NDVI is observed, as higher ET is expected from healthy vegetation [75,80]. According
to Mahmoud and Alazba [41], a gradual increase in monthly actual ET values is observed from January
to April and a subsequent decline is observed from May to December in a part of Saudi Arabia. In this
study, ET increases from winter to the premonsoon period and then decreases during the postmonsoon
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season, with varied types of land use. ET of the two main land use classes was 467.77 mm over the
forest areas and 282.39 mm over agricultural areas during the premonsoon season, when ET is very
high. During the growing season of winter, agricultural lands show 191.70 mm, while the harvest
time of summer crops during the postmonsoon season shows very low ET (80.52 mm/winter season).
Therefore, if the change in land use continues as it did from 1990 to 2011, increase in the agricultural
land will cause even lower ET during the harvest time.
The impact of land use change has been observed to be dominant on the future actual ET of the
basin area. A decrease is expected in ET in the future because of the conversion of vegetated land to
other classes. SEBAL projects the lowest ET in 2050 in the future in comparison to the present ET in
2011 and past ET in 1990. Vegetation or forest has a higher fractional vegetation cover that results in
a higher transpiration than the areas with low or medium fractional vegetation cover. Soil moisture
also causes higher ET over agricultural and forest areas, while rocky surface areas are bare lands with
high surface temperature and high sensible heat flux, resulting in low ET. It has been observed that
there is no significant difference between the SEBAL-generated ET and the FAO Penman–Monteith
method of daily ET estimation [13]. Du et al. [31] reported that ET of different land use and land
cover increases from the vegetation up to June–July and then decreases, which conforms to the given
results of increased ET in the premonsoon season and then decreased from September. The impact
of climate change indicates an increase in the projected ET in the future in the three stations of the
study area, which is due to increased projected temperature in the RCP4.5 and RCP8.5 scenarios.
However, the combined impact of land use and climate change infers a decrease in the ET in the future.
The effect of land use change here is more prominent than the climate change. The SEBAL model used
to investigate climate change effects on crop evapotranspiration in Cyprus reported no significant
changes [81]. Change in ET and runoff are observed due to land use and climate change, resulting in
decreased ET in parts of Central India [82]. In a study in China, however, the impact of climate change
is dominant, showing decreased ET due to a decrease in temperature and rainfall while increasing
cropland shows higher ET [83]. Therefore, the effects of climate and land use changes may vary with
local changes in the climate and land use characteristics. Uncertainties and limitations of the study
are very essential as this is a new approach to estimate the future ET with respect to land use and
climate change. There are scopes to evolve and develop this method by considering many factors and
different research questions. To estimate ET from SEBAL, an average of three years of MODIS data
was used here to obtain ET values of different land use classes. The use of more data will provide a
sounder base of ET values for different land use classes. Monsoon data was not available for all the
three years, which inhibits proper estimation of the changes in ET during this season. The impact of
future climate change on ET was estimated by changing the minimum and maximum temperature,
keeping all other parameters in the SEBAL model as constant. Changing other parameters in SEBAL
requires generating different climate parameters in the future, which can be used as a future scope to
this study. Seasonal variation in the land use changes and alternative climate and land use change
scenarios can also be considered as a future scope. Agricultural lands vary with different crop cover,
which will give different actual ET and which can be used for future research.
Supplementary Materials: The detailed processes followed in obtaining the results are available online at
http://www.mdpi.com/2072-4292/10/4/578/s1.
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